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Complex plant traits: time for 
polygenic analysis ,,,oe,, o. ooo. 
Currently, mapping of genes for complex traits is an area of active theoretical 
research at the interface of genetics and statistics. Much progress has been made over 
the past few years in handling statistically complex but realistic mult i locus 
models. Here, I describe the state of the art and discuss new opportunities for the 
genetic dissection, understanding and manipulation of complex biological processes. 
F 
or many plant processes, we know nothing about how 
many genes are involved, where the genes are located 
on the chromosomes, what effects the genes have and 
how the genes interact. The unknown loci of the genes on 
the chromosomes are commonly referred to as 'quantitative 
trait loci' (QTLs). Fundamental plant biology and plant 
breeding would be revolutionized if techniques for dissect- 
ing multilocus ystems were available and could be applied 
routinely. Important progress has been made at the molecu- 
lar level by the development of molecular markers1, 2. 
Developments in the past few years indicate that further 
progress can also be expected at the statistical level. 
Currently, methods based on single-QTL models are widely 
used, but they are intrinsically inappropriate for multilocus 
systems. It is likely that new methods based on multilocus 
models will provide the method of choice for the future. Here 
I describe the main features of these models and discuss 
their prospects and limitations*. Two examples are pro- 
vided of how the methods have been used recently in fun- 
damental research on plant development and in breeding 
for disease resistance. 
Mapping quantitative trait genes 
If a quantitative trait is encoded by many genes, the dis- 
tribution of trait values may appear continuous because 
numerous genotypes exist in the population. If the trait is 
affected by a few genes, it may still show continuous vari- 
ation when environmental factors influence the trait. In 
*In addition, see the December 1995 Special Issue of Trends in Genetics on 
multifactorial inheritance. 
most situations, genetic and environmental factors are 
active and genetic dissection is virtually impossible from 
the trait data alone. Molecular markers provide plant 
scientists with new and advanced technology for genetic 
analysis1. 2. The crucial idea is that observed marker geno- 
types can be used to obtain indirect information on the geno- 
type at a target gene (Fig. 1). This only works well if the 
target gene is located close to a marker, so that alleles of 
the marker and target gene are linked. Therefore, ideally 
the set of markers hould cover all chromosomes. Genetic 
marker maps are now available for many plant species 3.
Conventional QTL mapping: methods for one QTL 
The traditional approach to the mapping of QTLs is to 
consider markers individually 4 (Fig. 1). For each genotype 
(allelic constitution) ofa marker, the genotypic mean can be 
calculated as the mean of the trait values of the plants with 
that genotype. If the marker is tightly linked to the target 
gene, marker and QTL alleles will be associated and as a 
consequence the genotypic means of the marker will be dif- 
ferent. This can be tested statistically and the likelihood for 
the presence of a putative QTL can be plotted at the marker 
positions along the chromosomes, soas to present the evi- 
dence for QTLs at the various positions in the genome. 
Methods have also been developed that can assess the 
QTL likelihood at all locations, that is, also in intervals 
between markers. Currently, the 'interval mapping' method~ 
is widely used [and the computer program MAP- 
MAKER/QTL (Ref. 6) is treated as an 'industry standard']. As in 
the traditional pproach, we would like to calculate genotypic 





Parent Four possible offspring after selfing 
Fig. 1. Example of how marker information can be used to 
obtain information on the genotype ofa target gene in a 
segregating population. The genotype ofthe marker gene 
(white or black for each gamete) can be observed, but not 
that of the target gene. If the marker is near (tightly linked) 
to the target gene, most gametes will not be recombinant for
the two loci: white is associated with white, and black is 
associated with black (see lower target gene and marker 
gene). Therefore, in the progeny an indirect observation f 
the genotype atthe target gene can be obtained from marker 
information. If the distance is larger, the occurrence of re- 
combination must be taken into account; for instance, if the 
observed marker genotype is black/white, the unobserved 
genotype atthe target gene may be white/white, black/white, 
white/black, orblack/black (see upper target gene and marker 
gene). The classes white/black and black/white may be pooled 
if reciprocal effects on the trait are ignored. 
means at a target locus in the interval, but this is imposs- 
ible because the genotypes are not observed. In interval 
mapping, however, probabilities are assigned to the possible 
genotypes ofthe target locus - these probabilities depend on 
the genotypes of flanking markers and on the trait values 
(step 1). For each genotype of the target locus, the genotypic 
mean can be calculated as the weighted average of all trait 
values, where the weights involved are the probabilities 
assigned to that genotype (step 2). Again, significant differ- 
ences between genotypic means indicate the presence of a 
QTL. Unfortunately, weights depend on unknown trait param- 
eters and cannot be calculated irectly. The key to this 
problem is to set the parameters to initial values and to iter- 
ate the two steps until subsequent updates of weights and 
parameters show no more changes 7. 
It should be noted that some authors employ the 'LOD- 
score' ('logarithm of odds score') for QTL likelihood, whereas 
I and others use 'the likelihood ratio test'; the latter is 
21Oge(10) times the former. 
Recent advances in QTL mapping: methods for two or more QTLs 
Lander and Botstein 5 made the first move towards fitting 
two QTLs simultaneously. Generalization to more QTLs 
was hampered by the complexity of the statistical models 
describing multilocus systems. Exact methods 7 and approxi- 
mate methods s-lo have been developed for dissecting the 
effects of two or three linked QTLs. For multilocus models 
two methods have been developed recently, the genetic on- 
cepts of which are more or less identical, namely MQM 
(multiple-QTL model or marker-QTL-marker) mapping 11,12 
and composite interval mapping13. I4. 
By extending the interval mapping algorithm, a model 
with any number of QTLs can be fitted to data. However, 
exact computations are not feasible because of the extremely 
large number of possible genotypes at the QTLs (e.g. 3 l° 
per plant for ten QTLs in the F 2 generation). A way to over- 
come this problem is obtained by noting that for precision 
mapping of a QTL in a particular interval the positions of 
other QTLs need not be assessed as accurately 7. The basis 
of MQM mapping and composite interval mapping consists of 
the precision mapping of a single QTL in a certain interval 
(like in interval mapping), while other QTLs are 'placed' at 
associated marker positions. Since the positions of the QTLs 
are generally unknown, the question is which markers 
should be used. This issue will be discussed in detail ater 
(see Detection of markers near QTLs). Here it suffices to say 
that in MQM mapping only markers in an initial set of plan- 
sine QTL regions are used, whereas in composite interval 
mapping all markers of all chromosomes are used; in both 
methods, markers near the interval under study are ex- 
cluded. It should be noted that preselection ofmarkers is 
also possible in composite interval mapping (see below) TM. 
The two steps of the algorithm of composite interval map- 
ping and MQM mapping now consist of updating the 
weights (genotype probabilities) by using the current esti- 
mates of trait parameters, and updating the estimates of 
trait parameters by using the current weights 11,14. 
QTLs are said to be present in those regions where the 
QTL likelihood is larger than a specified threshold. But 
what value of the threshold corresponds to what signifi- 
cance level? The problem of choosing appropriate hresholds 
has been dealt with in various ways within the framework 
of interval mappingS. 15-1s. For composite interval mapping, 
simulation work has lead to formulae for the threshold as 
a function of a genome-related significance level12,1~. For 
MQM mapping, simulation studies have demonstrated that 
the thresholds derived for conventional interval mapping 
are still valid in many situations 1~. 
Further extensions: incomplete marker information and 
multiple traits 
In practice, marker genotypes are sometimes ambiguous or 
unknown (often about 5% of the observations on markers). 
One way to overcome the problem is obtained by noting that 
any missing enetic data, for QTL as well as for marker loci, 
can be recovered by considering the possible genotypes and 
calculating weights associated with them 11. In addition to 
data missing by chance, other types of marker data may be 
missing naturally, for instance when markers are dominant 
and the heterozygote cannot be distinguished from one of 
the homozygotes. For large progenies with very incomplete 
marker information, exact computations are not feasible 
because of the extremely arge number of possible genotypes 
at marker and QTL loci. Very recently, the original MQM 
mapping method has been extended to cope with such com- 
plex situations 19. A small sample of possible genotypes 
rather than the set of all possible genotypes i now con- 
sidered. However, the same iteration scheme is retained. 
The problem of incomplete marker information is illus- 
trated in the second application (see later). 
In many QTL experiments, more than one trait is scored 
for the same plants. Recently, the univariate approach of 
composite interval mapping has been extended to a multi- 
variate approach in which a joint analysis of multiple traits 
is possible 2o. This approach provides a formal method for 
quantifying pleiotropy or testing pleiotropy at a single QTL 
versus linkage of two or more QTLs. The method can also be 
used to analyse xperiments in which one trait is measured 
in more environments (equivalent to multiple traits). 
Interaction between the environment and QTL can now be 
part of the model. The interaction of the environment and 
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(a) Fig. 2. Quantitative trait locus (QTL) mapping for flower- 
ing time inArabidopsis under several different environmental 
conditions. In interval mapping, data can only be analysed 20 - 
for each environmental condition separately. In contrast, -o 
with MQM (multiple-QTL model ormarker-QTL-marker) o  
mapping a joint analysis is possible and multiple QTLs with 
QTL-environment interactions are now part of the model. 
QTL likelihood curves and QTL regions for chromosome --J 10 - 
2 (52 centimorgans) are shown. In each of the two plots the O 
horizontal axis represents he chromosome, and the tick 
marks across the horizontal xis indicate marker positions. 
Bars above the horizontal axis indicate 95% confidence 0 - 
intervals (QTL regions) for the QTLs detected. 
With interval mapping (a) there is evidence for QTL 
activity, but QTL likelihood curves are rather flat over a 
large chromosome region and, as a result, QTL regions are 
large. In the interval mapping plot, QTL likelihood curves 
and QTL regions for three out of the six environments are 
shown. Patterns of curves and bars correspond: dashed (b) 
curve, short days; solid curve, long days; and dotted curve, 60 - 
continuous light. QTLs are detected in regions where the 
QTL likelihood is larger than 10 (the threshold at a 5% 
genome-related significance level). 
With MQM mapping (b) two QTLs with effects of equal "~ 
sign are detected on chromosome 2 and one of them dis- 
plays QTL-environment i eraction (QTL × E). In the MQM ~ 30 - 
mapping plot the solid curve represents he QTL likelihood -3 
for a QTL without QTL × E; the dashed curve r presents O 
the QTL likelihood for a QTL with QTL × E [plotted only 
in the region where QTL × E was detected; in this region 
the QTL has a large effect in continuous light, a moderate 0 - 
effect in short days and no effect in long days (data not 
shown)]. The threshold is 11 for QTL detection and 22 for 
QTL × E detection (at a 5% genome-related significance 
level). 
, °  
• o ,  • ° . .  ~°  
"bj \ / 
V V 
I I I I I I I 
Chromosome 







-2  ' 
i 
I [ i [ I I 
Chromosome 
QTL can also be fitted in the framework of MQM mapping 2'. 
For these complicated situations, the thresholds used for 
QTL detection can be assessed by various computer-inten- 
sive methods~8, 2'. 
Although the models that are used in MQM mapping and 
composite interval mapping assume the absence of inter- 
action between QTLs (epistasis), such interactions can be 
modelled easily. Unfortunately, the number of parameters 
relative to the amount of data increases rapidly. Finally, 
models for disease severity scores or quality data can also be 
used in the framework 22. 
High resolution mapping 
Often the ultimate goal of QTL mapping experiments i  
to set the stage for applied or fundamental use of QTLs, 
for instance in marker-assisted breeding1 or map-based 
cloning 23. High power and precision QTL mapping will cer- 
tainly contribute to more successful QTL use. Here I review 
the progress made in the development of multilocus methods. 
Improved power and precision 
Many traits of biological and agricultural interest are of 
a potygenic nature. Experimental results have shown, how- 
ever, that in many instances 30-80% of the trait variation 
can be explained by a few QTLs with major effects 2.In many 
experiments, individual QTLs even account for 10-50% of 
the trait variation 2.In general, the power for the detection 
of a QTL depends on the ratio between the trait variance 
induced by the QTL and the residual variance, which con- 
sists of environmental nd unexplained genetic variation. In 
single-QTL methods, QTLs are mapped individually, ignor- 
ing the effects of other QTLs (which may or may not be 
mapped). In contrast, multiple-QTL methods eliminate the 
genetic variance caused by other QTLs and consequently 
reduce the residual variance. 
Now assume, for example, that a single QTL explains 5% 
of the trait variance in a tomato F 2 experiment of200 plants, 
and assume that other unlinked QTLs explain another 55% 
of the trait variance (i.e. the residual variance is 40% of the 
trait variance). The probability of detecting a 5% QTL by 
interval mapping is about 0.29 (Ref. 15). If we eliminate the 
effects of other QTLs by using amultiple-QTL approach, the 
ratio of the variance induced by the 5% QTL and the resid- 
ual variance is 5:40 (which is approximately 11:89). This is 
now equivalent to the detection of a single QTL explaining 
11% of the trait variance, and the probability of detection is
about 0.79 (Ref. 15). Simulation work indicates that this 
maximum gain of power can be obtained by MQM mapping 12. 
Power increases if more plants are tested or if genotypes 
are replicated (e.g. by cloning). This increase may be much 
larger for multiple-QTL methods than for single-QTL 
methods. If genotypes are replicated, this will decrease the 
environmental part of the trait variation. With four repli- 
cates the ratio between the variance induced by the 5% QTL 
and the residual variance is 5 : (55 + 40/4) (which is approxi- 
mately 7: 93) for a single-QTL approach, and thus the situation 
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Fig. 3. Quantitative trait locus (QTL) mapping for 
Fusarium resistance in lily (Liliaceae) with dominant mark- 
ers in an outbred progeny. Here, at each locus three differ- 
ant alleles may be present in the progeny ~9. A dominant 
marker detects only the presence or absence of one specific 
allele at the marker locus. In the traditional pproach markers 
are analysed individually and only the difference between 
the plants with 'marker band present' and the plants with 
'marker band absent' can be tested at each marker locus. In 
contrast, with MQM (multiple-QTL model or marker-QTL- 
marker) mapping the effects of the three possible alleles can 
be unraveled. Multiple QTLs and multiple alleles at each 
locus are now part of the model. QTL likelihood curves for 
chromosome s gment 2 (117 centimorgans) are shown. The 
horizontal axis represents the chromosome, and the tick 
marks across the horizontal xis indicate marker positions. In 
the markers-one-by-one approach (dotted line) QTL likeli- 
hood is assessed at marker positions only. In MQM mapping 
(solid curve) QTL likelihood is assessed at marker positions 
and halfway between markers only, because of the compu- 
tational effort involved. The thresholds for QTL detection at 
a 5% genome-related significance level are 3.5 and 4.5, 
respectively. 
is now equivalent to that of a 7% QTL. But the ratio becomes 
5 :(40/4) (which is approximately 33: 66) when using a mul- 
tiple-QTL method, equivalent to a 33% QTL; the probability 
of detecting such a QTL is equal to 1.00 for MQM mapping 12. 
In the case of linked QTLs, the comparison of the single- 
QTL and multiple-QTL approaches leads to even more dra- 
matic differences. In interval mapping, linked QTLs with 
opposite ffects may go unnoticed because of their mutual 
neutralization~, ~4. Furthermore, in interval mapping, 
linked QTLs with effects in the same direction tend to be 
mapped as a single QTL at some intermediate position on 
the map'O, I2. This may even happen for QTLs that have 
major effects and are far apart. For example, assume that 
two QTLs are 40 centimorgans (cM) apart and explain 50% 
of the trait variance in a backcross population of 100 indi- 
viduals with a 1000 cM genome. If the two QTLs have oppo- 
site effects, the probability of detection is 0.42 for each QTL 
by interval mapping and 0.97 by MQM mappingS2. If the 
two QTLs have effects of equal sign, interval mapping 
would give a QTL likelihood that is usually rather flat 
over a large chromosome r gion with a peak possibly some- 
where between the two QTLs '2. In MQM mapping, the QTL 
likelihood almost always shows clear peaks near the cor- 
rect locations ~2. Only for composite interval mapping is the 
test at an intermediate interval always unaffected by the 
presence of the two QTLs. The problem of separating linked 
QTLs is illustrated in the first application (see later). 
The power of QTL detection can be improved further 
when multiple traits are scored for the same plants 2° or 
when a single trait is scored on plants in multiple environ- 
ments2O, 2~. In the latter case, for instance, QTL likelihood 
maps are produced for each environment separately by 
interval mapping (see in the first application). But a joint 
analysis of all_flata - with terms for possible interactions 
between the QTL and environments - will offer improved 
power for QTL detection. 
The results,for power also hold for the precision of QTL 
localization, thht is, precision may also be increased. The 
general rule is that precision is rather poor (i.e. the QTL is 
placed within an interval of 10 cM or more), if the chance of 
QTL detection is significantly less than 1.00 (Ref. 16). 
Detection of markers near QTLs 
The detection of markers near QTLs is the primary goal 
of QTL mapping. These markers will be used in marker- 
assisted breeding 24 or map-based cloning of genes 2~. 
In a statistical sense, a set of markers can be used to 
replace nearby QTLs in multilocus modelling. Various 
methods are available for statistical selection of these 
'important' markers; other markers do not add extra infor- 
mation when fitting a multilocus model and are therefore 
'redundant '12,25. One could start with no markers and add 
new important markers equentially, orone could start with 
all markers of all chromosomes and drop redundant mark- 
ers sequentially (if a dense map is available, one could also 
start with a subset of markers giving uniform coverage on 
all chromosomes). The forward selection imposes problems 
on the identification and separation of linked QTLs, as in 
interval mapping. Furthermore, backward selection is prob- 
ably more powerful, since the unexplained variance is 
immediately reduced as much as possible, as in composite 
interval mapping and MQM mapping. Computational prob- 
lems that occur when part of the marker data is missing, 
which is nearly always the case, have been solved 11,2~. 
Whether a marker is removed from or added to the multi- 
locus model is based on the statistical test for its effect on 
the trait. 
In MQM mapping it is recommended that a 2-16% sig- 
nificance level per marker test is used during the selection 
procedure. Markers in the final set can be tested at a 
genome-related significance level, or they can be used as 
genetic background control in the precision mapping of 
QTLs. 
In the original composite-interval mapping approach no 
selection of markers is used - all markers outside the region 
of interest are used and the test for QTL activity in a given 
region is not affected by QTLs outside the region. This is the 
only way to solve the problem with many linked QTLs13,14. 
The cost of avoiding errors in QTL detection is loss of power, 
which is sometimes tremendous ~2. In MQM mapping, selec- 
tion at a 2-16% significance l vel per marker test, however, 
removes clearly redundant markers. It has been shown that 
this can result in much higher power, whereas in many 
instances linked QTLs can still be separated well ~2. A simi- 
lar approach is also possible in composite interval map- 
ping ~4. It should be noted that the two methods are still 
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evolving and tend to become similar, atleast for inbred-line 
crosses with fairly complete marker information. 
Applications 
Currently, interval mapping is widely used and many 
applications have been reported 2. So far, only a few appli- 
cations have been reported in which the new multiple-QTL 
methods (MQM mapping and composite interval mapping) 
have been applied to plants. Here, two such applications are 
presented, one concerning fundamental plant biology, the 
other concerning crop improvement. 
Genetic and environmental control of flowering time in 
Arabidopsis 
The flowering time of many plant species is regulated 
closely by environmental conditions, such as day length and 
temperature, nsuring reproduction under optimal condi- 
tions 27. The genetics of flowering time has been studied 
extensively for the model plant Arabidopsis, often by screen- 
ing for mutations in the progeny of crosses between differ- 
ent varieties 27. It is probable that not all of the genes 
involved have yet been detected by mutation analysis (only 
genes have been found for which alleles exist that have a 
large trait effect). Recently, genetic mapping has been car- 
ried out to identify the genes involved 2~. At least 12 regions 
on the genome displayed QTL activity, and four of them 
showed significant interaction with environmental condi- 
tions. Also some QTLs were close to loci for which mutants 
are known, and the mutant loci are therefore good candi- 
dates for the QTLs. Interval mapping and MQM mapping 
were applied to the data; results for chromosome 2 are 
shown to illustrate the problems in separating linked QTLs 
with effects of equal sign (Fig. 2). Here, the situation is even 
more complex because of QTL-environment interaction. 
The increased precision of MQM mapping is because of the 
elimination of genetic variation induced by linked and 
unlinked QTLs and also the joint analysis of the data from 
the six environments. 
Breeding for resistance to Fusarium in lily 
Techniques using molecular markers provide breeders 
with powerful tools for the efficient characterization and use
of QTLs in crop improvement programmes. In particular, 
breeding for the increased resistance of crops to diseases 
and pests forms one of the major challenges to breeders, 
aiming at a considerable r duction in the use of chemicals 
during crop production. Fusarium causes major problems in 
many crops 2s. Recently, a first and successful attempt has 
been made to identify QTLs for partial resistance to 
Fusarium in lily (Liliaceae) 19. Three chromosome-segments 
displayed significant QTL activity and explained the major 
part of trait variation 19. Traditional individual analysis of 
markers and MQM mapping were applied to the data. 
Results for one chromosome s gment are shown to illustrate 
the improvement in power that can be attained by MQM 
mapping in a complex situation with very incomplete 
marker information (Fig. 3). The increased power is be- 
cause of the recovering of information about the marker 
genotypes and also the elimination of genetic variation in- 
duced by unlinked QTLs. 
Conclusions and future prospects 
Recent analytical advances have significantly improved 
the power and precision of QTL mapping for complex plant 
traits. Progress has been made from single-QTL towards 
multiple-QTL methods and from separate to joint analysis 
of data concerning multiple traits or multiple environments. 
Also, progress has been made from methods for inbred 
species to methods for outbred species. However, it is 
expected that future developments will contribute to further 
improvements. The use of new analytical techniques19, 2  and 
high performance computing opens up ways for tackling 
complicated QTL mapping problems, for instance when data 
arise from multiple related crosses30, 31 or pedigrees. It seems 
likely that in many instances QTLs can be identified and 
characterized as precisely as many qualitative genes - the 
analytical discrepancy between qualitative traits (often only 
affected by a single major gene) and quantitative traits 
(often affected by many genes of which some may have 
major effects) is disappearing. Furthermore, the distinction 
between plant, animal and human genetic mapping is van- 
ishing with the advent and use of these new analytic tools 
for complex genetic situations: outbred crosses between 
divergent lines can be used in lily and pig 32, recombinant 
inbred lines are available for Arabidopsis and mouse 33 and 
pedigree data have been collected for soybean 34 and 
humans 35 - in all cases, data could be analysed in similar 
ways. 
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